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Statisticaldataanalysisis a core activity in experimen-
tal sciences.It encompasses wide variety of tasks,rang-
ing from, e.g., a simple linear regressionto fitting com-
plex dynamicalmodels.Developingstatisticaldataanalysis
programs however, is an arduousand errorproneprocess
which requiresprofoundexpertisein differentareas:statis-
tics, numerics software engineeringandof coursethe sci-
entificapplicationdomain.

We believe that statisticaldataanalysisis a very promis-
ing domainfor theapplicationprogramsynthesisdespite—
or evenbecause—thegiifficulties. Statisticprovidesauni-
fying andconcisedomain-specifinotation.Graphicaimod-
els (Buntine 1994) provide a structuringmechanisnwhich
can be exploited during the synthesigprocessge.g., to de-
composea probleminto independensubproblemsStatisti-
calalgorithmdike EM (DempsterLaird, & Rubin1977)are
often applicableto a wide rangeof problems;their generic
formulationsallow a “plug’n’play”-style algorithmcombi-
nation. Recentlydevelopedsophisticatediatastructuresas
for examplekd-treeqPelleg & Moore1999)offer orders-of-
magnitudespeed-ugdor certainproblemsbut arerarelyem-
ployed dueto the increasedrogrammingcomplexity they
cause Finally, dataanalysisis characterizedy aniterative
developmentstyle: aninitial modelis hypothesizedimple-

mented gvaluatedon realdata,and—if necessary—refined.

However, eachiterationtypically involves substantiapro-
grammingefforts as prototypingis often not sufficient to
work with realdatasetsandevensmallmodelmodifications
may requireradically dfferentalgorithms.Programsynthe-
sisencapsulatesary of the statisticalnumerical andsoft-
ware engineeringaspectof eachiterationandthusallows
usersto concentrateon their scientificapplication. Its fast
turn-aroundimesmake modelrefinementanddesign-space
explorationfeasible.

We are currently developing AUTOBAYES, a program
synthesissystemfor the generationof dataanalysispro-
gramsfrom statisticalmodels. A statisticalmodelspecifies
thepropertiedor eachproblemvariable(i.e.,obsenationor
parameterandits dependencieis theform of a probability
distribution. Figure 1 shavs the modelfor a randomwalk
(i.e., a simple noisy dynamicalprocess)n AUTOBAYES's
input notation. Thelasttwo linesarethe coreof the specifi-
cation;theremaininglines just declarethe modelvariables
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model walk as ’Random Walk’.

const nat n_points.
where 0 < n_points.
double rate as ’drift rate / time slice’.
double error as ’drift error / time slice’.
where 0 < error.
data double x(0..n_points-1).
x(I) ~ gauss(cond(I>0,x(I-1),0)+rate, error).

max pr(x|rate, error) for rate, error.

Figurel: AUTOBAYES specificatiorof randomwalk

andimposesomeadditionalconstrainton them. Thedistri-
bution statement

x(I) - gauss(cond(I>0,x(I-1),0)+rate, error)

characterizeshe obsened dataz: eachobsenation z; is

normaldistributed (or Gaussianyvith a graduallychanging
meanand constantbut unknawvn error.  Its meanvalueis

expectedto dependon the previous obsenration z;_; and
anunknawn drift rate. Over time, the datapointsthusdrift

away from their origin, which is heremodeledaszero. The
optimizationstatement

max pr(x|{rate, error}) for {rate, error}

characterizethe dataanalysistask: find the valuesfor the
unknaown rate anderror parametersvhich explain bestthe
known dataz, i.e., maximizethe dataprobability underthe
parametevaluesandmodeldistributions.

From such models, AUTOBAYES generatesoptimized
and thoroughly documentedC/C++ code which can be
linked dynamically into the Matlab and Octave erviron-
ments. AUTOBAYES follows a schema-baseslynthesisap-
proachratherthanthe direct proof-as-programs-basep-
proach. However, schemaganequialently be understood
astheoremf the domaintheoryor asgenericalgorithms,
and AUTOBAYES incorporatesschemaswith a distinctive
“theoremflavor” aswell assuchwith moreof an“algorithm
flavor” Theschemasreorganizednto four differenthierar
chicallayers.Thetop-mostayercontainghemosttheorem-
likeschemasyhicharedirectformalizationsof differentde-
compositiortheoremdor graphicaimodels. Theseschemas

gence(www.aaai.og). All rightsresered.



containalmostno code skeletons. The subsequenkayers
then becomemore and more algorithm-like as their code
skeletonsgrow moreandmoredetailed. Theselayerscon-
tain formuladecompostiorschemage.g.,anindex decom-
position for independentlyand identically distributed ran-
dom variables),proper statisticalalgorithm schemage.g.,
EM), andnumericaloptimizationschemasge.g.,thesimplex
method),respectrely. This layeringis not only conceptual
but is alsousedasa heuristicto control the synthesigro-
cess. Eachschemahasa numberof enablingconditions
whicharechecledagainsthecurrentstatisticalmodel;each
schemaapplicationcan modify the modelandthustrigger
the applicationof other schemas.This mechanismallows
AUTOBAYES to generatecodeas a compositionof differ-
ent schemasthus “re-inventing” data-analysisalgorithms
from simple building-blocks. AuTOBAYES augmentshe
schema-guide@pproachby symbolic-algebraiccomputa-
tion and can thus derive closed-formsolutionsfor mary
problemsandsub-problemsMore detailson AUTOBAYES
and the incorporatedschemascan be found in (Fischer
Schumanng& Presshbrger2000)and(Fischer& Schumann
2001).

We have appliedAUTOBAYES to a large numberof text-
book examples, machinelearningbenchmarksand NASA
applications.Theseencompassuchdiversetasksasfor ex-
ampleclusteringof rock samplespectrachangepointletec-
tionin y-ray bursts,andsoftwarereliability estimation.Syn-
thesistimes were generallyin the sub-minuterange(on a
360MHzSunworkstation);smallspecificationsiretypically
solved in a few seconds—thesynthesistime for the ran-
domwalk examplefrom Figurel is 1.8 seconds.The gen-
eratedprogramswereaslong as2000lines of commented
code.Thisyieldsleveragefactorsfrom specifcatiorto code
betweenl:10 and 1:30, dependingon the existence(and
AUTOBAYES's ability to find) closed-formsolutions. For
therandomwalk example,AUTOBAYES canfind the exist-
ing closed-formsolution;thegenerated 20linesC-program
thusconsistmainly of boilerplatecodeandcomments.

Acknowledgments

AUTOBAYES is ajoint developmenteffort with Wray Bun-
tine andJohanrSchumann.

References

W. L. Buntine 1994.“Operationgfor learningwith graphi-
calmodels”. JAIR, 2:159-2251994.

A. P.DempsterN. M. Laird, andD. B. Rubin1977.“Max-

imum likelihood from incompletedatavia the EM algo-

rithm (with discussion)”.J. of the Royal Statistical Society

series B, 39:1-38,1977.

B. FischerJ. SchumannandT. Presshrger 2000. “Gen-

erating Data Analysis Programsfrom StatisticalModels
(PositionPaper)”. In W. Taha,(ed.),Proc. Intl. Workshop

Semantics Applications, and Implementation of Program

Generation, LNCS 1924 pp. 212—-229 Montreal, Canada,
SeptembeR000.Springer

B. Fischerand J. Schumann2000. AutoBayes:A Sys-
temfor GeneratindDataAnalysisProgramdrom Statisti-

cal Models,2001. Submittedfor publication.Availableat
http://ase.arc.nasa.gov/people/fischer.

D. Pellg and A. Moore 1999. “Accelerating Ex-
act k-meansAlgorithms with GeometricReasoning”. In
S. ChaudhuriandD. Madigan,(eds.),Proc. 5th KDD, pp.
277-281SanDiego,CA, August15-181999.ACM Press.



